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Abstract: Collaborative filtering (CF) recommender systems have been used to provide users with personalized products and 


services successfully in the past decade. However, sparseness of user-item matrix and the low accuracy still remain a challenge. 


To solve these problems, this paper proposed an ensemble framework based on matrix factorization CF for integrating side 


information of users and items. Based on this framework, this paper proposed a hybrid CF model for integrating COS (Coupled 


Object Similarity) of attribute information of items. Extensive experiments conduct over large-scale real-word datasets 
demonstrate that the proposed approach can effectively solve the problem of item similarity measurement, and compared with 
the traditional approaches, especially in the case of very sparse feature, the accuracy of the recommendation is improved 
effectively. 

Key words: recommender system; hybrid collaborative filtering; matrix factorization; item similarity; coupled object similarity; 


side information 


4s je) GAP], a) APRA ZA (limited content analysis) ,EN 44a 
El HO EX ABR PREX; b). E BE AAA Cover-specialization ) , RU 
HERAS EN MEE EAL, F H ese fui ETCETERA SER ROT AA 
Sa ll, JRA P Rege EC n RS. Be AB BA EMELINE, UCT ENEMA PUES 


Lil 


ct 


PASE. RHOSESEBURdEf UAR. MARA AA, TAZA PUEROS IL «EL k, Google, Netflix 

SEI STZ. TERR SOS, RIE SEO ESA], AREA AAA. 

1$ # 8: XI E PESCA ERA, HET AO Dh LYE TEAM ALS B, TE H B 8 S AQUI He 

f Amazon, Netflix, Youtube SEER R ARIRE o PZ BOSE FTE. HH, UAT RRA ARO I 
IPEER TRATARA: SETAE. WEA MARE Y PRP ULAR ASE. “m pt A RA 


TRA. UREA ARIA IIR AERA. ETA ERE LINA IO ER, “EID Py RENA 
JT EUST BEBA S ts PR SE RPE, AA PER BR CAST, ANA Fed E] Za us FH P IJ in , 
VATI P HERE BOR RES m. ERRADA HF EL RRA EIE SOR ACROH POSU SS BU fy e e, Horn 


Wes ABA: 2018-03-27; (8/81 IHR: 2018-05-11 ESHA: WAHAHA RAAE (2015JY0178, 2014GZ0109, 2015KZ002, 2015JY0030); AR 
ARAFRE TMA A (61472064); PARRA AAA L TAA (ZYGX2014J051, ZYGX2014J066) 

(ERR: 3#45 (19762, 9, SBMA, TEJ-SPUL UE, LIRA RAE MS FA (wayne _jiang@sinacom); ASH (19562, 5, %4, 
Ht, RRRS AAU AMAIRARSES. 


201806.00119v1 


chinaXiv 


ChinaX ive (ERAT! 
RU & d, oq ERA ET ds 


VEA LA FH POS id EE — PASS. pipra yi yak. ISA AE POS Fe SEIS Air, TERA E RE fE 
SHEET A ATAR RRE. Bl: BAENA E, BARRERA AARE, PR ERS PI d RIS, x 
E» Fed as y 84 RT DORR HF P BR SK EE; RADA ARA AE ATE. BOE ERA SVD+ HEITTI 
TEAM AS REA AKAMEN JE) Sid T gs VD, fE gSVD++rE, BT 
jun, OEE un BI CE AS Fe] B0) PL t 86 CLE TIER 45 FH P? o BiR, A E USC tB Bh X URB e ARABE rH. Gantner $ 
A 
rH 


AEP LE ik EP FY iah, AAA RS FI P? ERA in J8 VE AE OR PE TE CR ta k ij UAE g: I 8 ka t 


i SJ pap eue], Plo, >4 POI iS YET) UR Zb bf, TREE IT H P MARA, ft Soo Bh U BE Re 8 SE p EE CARE TA, 
FEE, AMIA CAM HEE BIS HETE o tH RT PARE Ue FE] P AAA. 

MÆ Web 2.0 MIER LH p Re. HIP S ET t EDD Enrich 4A it 5| AF822456 oku SVD++ SEE. FEY 
ci. MOMIA, HP ie S. dead E ESE, F, DAT tae. 45 Enrich AXIN, Fern 
BRA. MAREA ERE AAA. PI ández-Tobías 5$ A" F gSVD JH Y tagGSVD UU, 18 


HB J 

AFERE HIP BR d. KE, EES ET AREAS EEDA, ARA E S RHEE 
AA RR E IE HR A E, OAS EAT AGR. muocHA[I7]d& gSVD PEER mpte rn 
SAARI CEI, ERE AER, RER RR TERRE. 

IS E B aji, EFE, À X AE PASER AE REDET R, AUS EE s E j AE EI ERR 
FET (ERNIE AA APRA, RE HRS A PROA. RIERA EA) RARR HERA u TAJLA : 
TDD fei AI V RIDE URS, HARRIS ARI — SoRecUS TE èH BR Jë TT FES H A S VE E E Pe H A 
iW SORTE E FP BO ft efe, PA TELF AM m A ARE X tE A E E ER TT EE E s H 
IX SUBE EH. Axe. APIE, BUE Y AH HARPER [a]. STEU?KSocial trust ensemble, STED EE 


ñ Jey PAE EL AVA JE RI] E UN T SE IE EU DES RIRDUE —— TAII ER RC E TEYEA) OR ERA) EDT IRURE SER OD Pe PEL 


f ETE GE Jc ASI. EE, BEA. BROTA TAS 
E RAIER TT FO B, T EL 22 TJ I LI YY 
1 ARSE IR B. Social MF} i VE 6 DE 5) Ag BER M EA BR CARA 
Hf, b ELE DEZ orb LET EA RUE ACR SE A o P DEVISE IS TCR ESL, SF EL WE 
AE EA EUR J: 2007 4 Netflix 323, MIREIA, TAE TALLA GS CERE. ARU, XT RMSE Hii 
Y TAKI RAE, ALLI TAREA A MI, HEIRE TF SoRec WD STE BUM. XREF 
WA dire A AFH BEDS EA TRUE. SocialMF Jii T APRS EMULE. ASA ELO] dE 
AY DABIS EA HIERO AB EDS EL ARR ERE, TORRE, Yeh PIE, SO DU RETA TE ILLU. 


TB Cn hr n s S EO EAE. ASA A As LL MIRA S in AIR S TE Scr BER I. VU LAE SE DT fé 
fh. AR rg CE fe E IN Hi 
MM SCUSA BUR AS Bë SE ERIN, Fac aa AREA TERMER? AutoSVD- 50 FH HA E Zn 3 d 


IUE iter AE 2277 X91, Hu SEA UR SEES SUE AAAS EMIR RAE Ri RAE SUAE FEAT A HB 
PAR BITE BERE E TTS, X AE PEREDE EEIE, diii Y 886 H A FB 
BL AS ha a RT AE AAR. Ja» Koren l tdk — AIR A DAERAH, DURA i A RS Pr 


àd 

SE 

n 

ik 

| I =>» 


DIERN AA ETI een Y TROUVE GR TE; SEIT 7b, ik. MIRRA 1 Br, Kou: 
o e di Y SCREEN SCR AB EET ERES SVD--U1, SVD++1$ DEPRIMIDA ERA, Jai Y AP sus 
RP Se cei EX Scion FH PPS ss, sERIPUISCHU RSS E I EE 
AURA HAREAREN RRA A, BUSH TARA. b) RA E, Jedi bc im JE AO TIR BE 
RAMA Netflix ERREN o MA AIN: FFA CEREAL TRAR RAAE 
KF TAGE BS. (B EGET NTEI)ZH E PRR. (coupled object similarity, COS) 5K iT 4H J PEZ T8] BA] RE DE. 
CR TT TA V HA) i Je HERA P RTD IS VU e lil, JA t c) KU ESSE TH PU EB SEU e BH, ANCHE AS 
ATA IU T RARO. AM, ETA AENA MARA I E RE AEE A ROSE JS pa ti u] UL Y 2 e pa pÉ 


ALM KN RE, me Ju DET EA. SEP RE AO 4r BESTE. Jf Huj ARREA J SI AG FE [el A. 
[esu n] EA — x ERE ERO A. TEME SE A oh 
TP BO) ih AE, MID S828 HP. FERIA ZY fE 
SR BZD Fl PM SB BEA BBE. manzato ^ MES 4 HA 


= 


S 


ChinaXivé 


MRA: 


RAAB ES a. e GO IV EET. 
oro 

BoA i REVIA b) £ RELY ME a I IE A 

A 7 El EE IIT VR. E US 


min i - u- D, Ro 2 


ATP JN KP pas AA RIN H AO RE 


i MARRS SGE: UA LA. 
Vy s HEA BE AS 22 ERAN 


AREE A) f PEZ) PANI 
FUP 


sa itia 


EFE Bui 
E nuUo 


TIE 
BEAT CV A EE TI A Y EG MATRA), JURE 
RIBLE- SC AS BEAR BK ERA El HE DOT ES HS o 
ETE # BE EME o> NETE FP A i REALES BP} TH T 
Bey MVE EEA II E PEA EE TU 42 EI EE 
B BEE A) APE Pa AA ih RY SB ER AEE EA £ ) BERE 


COSHH A rp pg 
mm FEA BE 


CHER EI 
ER 


BRAC BUY 


T 


BUBSCR WE CERERI, T FH Mus BE Cle f E TARER 

lE PASTA HAS R. EAH RESET AE, ER, ES 

T LAA MIR EE AT, ER ATA AREA, P, 
> KERRE T X FB POSUER SCIL OE EE. ETE 


E ERAN ARERR, 0 AOTC RE RLU AA RARE OR m 


2.1 BAM Ms AS Hj PURI n Jn OY BN FZ pk H EERE P e g^ x m RUSSES 
FEA TMM as CATR AEA A has) ARE PR AA REO ER x ns WIR PO, SUE eI ih ER. 
PAE AMARA EZ bias) HAR Am PA, 28 EAE TIE AE, Fh PY AE BE A RA 
HUE SCRI BE fF EA RSE dE, Ban, IR Pr r Jun H POS: 


I 3538428 3 ARA EE DU READERS. CEPE R xh = QUEE. = P, 

CO $5084. JM, HERAA BA, lost b m E AY BASRA ITE, MT BAN 

ON FEFE 03 4 ERREF, BOH AADO Bob +B, + FIO, 

> IMA MAA 3+0.8-0.3=3.5. EIA, Boo FO Eb EROR 


pu < a seen). KREEP RIO, H 

rH 4E A I= ES; SENDA H SE I . . : : 

MIR CV atr oma Lah Ye 2 «Ab edel n elle D 
(ier 


RAH WU FI P139 AA 348 Gr. O le ZJ Frobenius YE TL, 


KR = [r] HUE ns RAM u e vou Mud er dm 


o Mz, e05], Hz, TARR, mn SR. TAE 
MRE, RAE z, HL TE UL AAN BI D [8] 0, 1]. 


JU A (of + + |P TP + || 0, | AAA THA. 4 WEN 


SEAR | AS A GE MA Tf A a. YF MES, Feds ri TE D ROG] ERRE a se snn, D DELE 
Pu xm: WJ PE SEE ZY n; SEA poU gs Aa EH BELA BE PEE Cstochastic gradient descent, SGD) > f ut 
b, = # + b, + b, RER CIS Je ROA o 
ix HAMM, b, LAIR RAM, AP REA m i AY KEE, ARES ize. Yin ize. HARAT, Y 
mÆ. BERNARDA, 5. RTE AS AY i Sek A) A F8] BJ TE WU (EBS AB A AVI RF IK 7 DL 
«E. dés PES EE. FASC EMS RE A vO RI PZ XCEA[26] - 
a) RIENT. HAM, + 0,6 b, - 10 n fi b: 
3 ABE Y AREA etie] xS 
b, = ( (z, — )) /(À + RC 
ae / pel 3.1 HERA 
fA. RRE ALI, : AERE X A ES 
Hr SENZA H P.- > FE Ac AR Y 
i Y A À NT ERA AWA R, HA £o 00, REFIERE PE ARATE 
dd Als IE E e) E ROA PAS RP DC AA ORY INE EIS m 


FER) s) MENS :VEXEA HP RA, MURRA u EAE O, [EH KI OR A, RUD ia REGE O, Ze 3B SE CL Z LUI SU A 
WAH ino AS A EIA, USA,» TIBIO ANR ER KRIER. Feb, "TEUER 


201806.00119v1 


chinaXiv 


RIMAS 
de AURA ARS JS E. REESE E oi HA E 


VR AP, URW AI CAE IE FH P BJ UR EA 
AUD) i REA RAEE FH SRE, tue fE 
TUIS ATE AAA P, = P. + @AP, ,Q, = Q, + BA) XE HI: 
KORA RUD H RME 0, E B e 0,11 2) Fill ze P, RU 
AP, Z [RU i EG UK 9, AAG, Z [RI RUSO RC, Ak, RA 


TE 28 n] VA TR UD F: 


Ê, = + b, + b, + (2, + aAP ) (9, + BAQ,) 


1 ^ n 1 1 
=- 2 (p. = E > f +-=£ =f 
2 yes 2) *3 reg Q resaP T O “reso 


£, =4b + Ab; +A lR IË 110, |P 
Pap XE AE. AP, LAVA BJ AE UAR 
Fue FEB IE AQ, PÇ S HY AE DU A3 
23 f sis. MEAR IP Eki HIA FL IB 
E ESA 

WR GAR,=0 ERE 8A0,-0, MRE MS f JHMIRUMEIE. XT 
3 S b ERR BEA HEF 

SP. 984 € ED A IN By AAA rp E 
Am. HIRU P BJ PRU: 


Fa 


lim 


Eme 


Ê, = +b +b *(P, + GAP, + AP, +. Di x 


(9, + BAG, + BAQ, +...) 
AY fai iL, FRERE A 5 
—/MBTETL GAP, , AAQ,. 
3.2 AP, All BAO, BYTE 
1) AP, f] ipie 
a) AP ER GAA BREE I] Be x, 10220, ALT 


9, DARE AA 


PAIL 7, 


EX, WA, (a) fue = AQ EII) ARA RR 


x 


V] i gl At] zz RI A AY A RE; (b) 
ene BEA a -21//KW 


MES HERTHA 

HHR AP, fe x, Cv e Mu) ) B2 PEZH €: 

MA A ee AS fui o, HUE n 2 ran o 
BM au = 0 « 


regAP 


HEARE: 


ap (x) = ay) gt -> a) OH 
Fur A gall Fe lb = Gla) 


&x = ax, A, = A fa Wii 


jen IF 


aAP, (x,) = AP (x.) 


(A Jæ) || ax, |Ë =a, B 
Jo uem oA, ull 
BARE x, A, ACAD, À, MM: 
Á, = H + b, + b, + (2 + AP) (9, * fAQ,) Ca X 
BI 


1 £ 1 1 1 
1-2» m RO -LÉS +-f yf 
2 Ts ud 2 m T J rap T 2 reang 


PL MIEL 
ren (u) 


TE EXRBPEEE SERE p BA lilas D 
DIRE AB A 55 L CERI ik MALE Sep F Aë: 
EIE 


E 2 (Db) Bie nice 


d h, 


b) AP, HJ ES REGE E # (£ e 0) BEREIT, 

fa 0 //Bl£, PRA ANP AP, WEA RME 
iA TEU ET, BY £20. 

2) PAO, BJP 


a) AQ, AAT RPE TRI 


(a 


RA O, 


y WPL, H iz 


XX. WA, (a) fas Au ELIO) AA 


HIERRO A. un o b [12 AA 
Es (b) WR AG, JE v, (J EN (i) AREA, DU CA RE A rh 
B -1// Wii ur EL ELE d , FCUEB] 55 D) rh (b) BROAN UES 


Wh. 

J: fuae = Ü 

b) AQ, A AE BSS IE I] Ht 0, e D BX eR AIRY, 

fo =9 /A £ PRA A lQ É, BOARS OMT AE 
WIS ATE CTH, BD Fong = 90 

3.8 RARER 

1) SGD 53% 
3g oer D K er ME, SES 
iU EISE]. RATE DA EAD BABE BABS ROR KA LY 
Ja Bl SIE. RETE, EP EE HL E 05 11 8380 
(wi eR, BEREBER. BA AMES, BEN 
PARE FPE 0 EIR RA L aes FEE By HEIT 


BA, AMARA DIM. E 6 ñ Hb A: 
0«—0- e 


REN EFIR, CREB THOSE O E EE o 
EN ESAS ESO NOA 


Xe 


ERRER, tA PORT APSA SAO F PHS: 
[DR e, = r, — Ë, E v, (TRAE 

a = =e + AD, 

E = Ey + Ab, 

ab, 

E = -e, (0, «mare ao ean 


OAP, 
/ in. AP, GP, ER, JU GP o^ 0 


OL 
00, — 


i 


e, -e (P, + aAP.) + 


P 


/ WR AQ, 5 0, ER, M- 


L 
MEE al 


= A (9, + BAQ,) 4 


ApX,) 


201806.00119v1 


chinaXiv 


RIMAS 


oL 
// WO SFE TE RE y, FT DAD F Jr aki e ay ` 


al OQ, 
ay, = -p or, Cui (4, + aAP ) + Ay, 
2) fut SEE 


IN Ur RO BTL Bi EE F Bee 


iE. 
SGD (Stochastic Gradient Descent) 
procedure TRAIN 


Initialize the parameters at random 


for epoch & 1, ..., N or [pee =. pearl eda 


SHUFFLE (R) 


for all (u, 1) ER do 


b, «- b, EI 
b, Eb, Zr 
E, EL, . 
Q —@ x 


//if latent factor feature X, exists then we can 
compute X, as follows: 


for all v eN (u) do 


— 5 
Ú i Ox 


end for 
//if latent factor feature Y, exists then we can 


compute Y,as follows: 


for all J eN (i) do 


y, C y, -n2 
Oy, 
end for 
end for 
end for 


end procedure 
FER BORE, RA (EVITE EE R [E ORC 
BN PH UTR TR Ze AAA AR z = 0. 0001 FJ 1E o 
ARAL BLD, bI. nS O SS ITT TR 
f. WAA, OLEA BARATA REL. 5j 
Bh ix HE 238 t up VA A BEL AT TE AT BB o 
3.4 BHA 
MARAA BJ ei JS) kE OD qa Gr AREA, AA 
BERNER BA. BM, Koren A HISH RA 
FA Sin ROSE HRS GED ME JUE) AMBER pă 


PET EL; Manzat "AE T-SVD--H HT gSVD++, fth FB o st AS 
TOR fei A, Bil WO HR A] RER RATA, 
AE TE Ya FO SURE TE; Autost” i FE] Fs At FE 848388 JA 
MJ BA A EU s E DURER. 3f ELFH TE IE M BS EET] 
Œ; Fernández-Tobías^£ A "FR FH P 55 4] i 3H. AAA 
4] 3i FH P BJ f p dë Es V S RE S Jeo} FE TA 
FAB TE FH PUR S BY BERIE 6] E o 

BEB REF ix AE, qiu — hh M E AU 
PE YEE phaea sl, HRA oh SOUS ede uE E HE ESE o 


4 s&e& AS 


41 BARE 

K Y dE A Eds CB AS SC PESE, EFL s Je EE RE DLE 
fe BRIE IEP ARIE, ERRE EVE. RED H Jis] 
GE RY Jaya. EP RE HH EAR, ET AZ FAMA 
ERA: 
D SEHA REHAR: BT UG RR HA 
IFA WER Hn EE EH FU ARRIA. 
E: 


na 


(1) aP, =0 
(2) f, = 0 
2) AE AAA TAO) 


(1) PAQ, = py: jer S, Y; 


(2) x, - (9, -@) 

(3) Za =O 
Hep, <, pd i RUD 7 LAIA. PA i 
DREAD BERE S o ARE DES RULES C 
Wi, AQ HERE 0 HK, RABIA UNA. MARA 
MARA o Rut Si, AURA H AREA E 
Tr RAE RU CTH Leng = 0. 

FEE MAH ATR ATER 3 BBE : 


Ê, = n +b, + b + (py (a + > Si (2; = ) 
JeR N 


1 ny, l : 2 a 
Log AA AP 

(u, i)eR 

+4, 110,11) 


j RCRUM i EEE n] t RM Q, E AQ, PER o 

AQ, Æ Q, IM E HEAT. IMA PX E RE: Q, ARE 
nn BJ E fia 3. In] sz, 117 AQ, e AUI i Je PE rh e I gy tE n] E o 
42 UEFA 
4.2.1 FOR AWE 
E TEE AE ALA HIT J Sr HT RTA IA A ZR TT E, VA 
AKT RAL, AEE RK. FRE CHE 7677 RL 
WRF) AE REE (Euclidean distance). SIS yp e 
(Manhattan distance). [x FJ RINISE (Minkowski distance) 


201806.00119v1 


chinaXiv 


RIMAS 


ONES At SRE AE RE ER. NE DARE (E 


dE HIE RARE BD MRD ASE 
EE im ITE fl 


WAR 


I 
b a 


Ed? fU 
Adis — BB 


(“Koster ", 


MARRAS, 
EME EA DAMAS ln, TE 
B, ALI EE EE II] director, actor #ll genre FFF 
HZ, (“Hitchcock”, “Stewart”, “ Thriller”) #ll 
“Grant”, “Comedy”) PH 5 [8 4) 73 zs rB S 


“Vertigo” AI “Bishop’s Wife” HF 


EDEN 


MEE. HAS EE HY 


HIE E EF AE ES HE AURA Co a] f 


HD HE (Heterogeneous distances) “ #11 MVDM FEBS 
(modified value distance matrix)" AMBERES rH Am Y 47252 


He zou mH BE o 
frequency) "fl SMS(Simple Matching Similarity [X [3 fs HJ 


m XE AR he ENDE, OF(occurrence 
om1 


RAIA E SS AA [8] 2878 48 2 AAE o k AERE 


PHR, Ti 


EXER Zl A R PEAR EAE, MAA EE 


HAD 


Han 


ALEA, MAA AU J bes B 


AAR BBE CI IO A. Wang A TEASER 


70 jc EAS B] 2] vi < [aJ BJ HE ADA BE FE Br Jy YA: 


E NES 


(Coupled Object similarity, COS). HEI Suo RIN E Y 


PEA — Ja E 


DE 


P RE READ SEA [e] Je TAE 100 BE ER HA o 


EEES pa E EE ARS EA BE 
EGET MIAR y i TEASER S EE. 30 HR[32,33] S UE Y 
TÉ GONE SURE DUSETE IR 
SRA SUSHI 
4.2.2 48031 KAA 


KI SEE i Z8 BERI 


RM Z RT RESET LA RRE, BA 
DU e Et ri JE PE ZT RAEE. 
ABR 


VEM] Si FR AULA J Pe (ë EL RT DAH 24 pR E SEE 


X UE 


+ HER, JT qe OSEE A m A BT R, 


Bl fe] se WU A} Fall Fes A E STE REL. LE Wins RIB, 


"E BAT Al 0, 2,,0,,0,,0,, 
WHR, LRH RI 


0, 4) FN XE MM 1, os 1, toy Ty IB 
THIS m TE JR YE 4 4, A E BS a PEE 


Mo 
RI WIM BA 
SENZ 4 A A 
0 a b c, 
0, a, b e, 
0, a, b, c 
0, a, b, Cs 
0, a, b, 6, 
0, a, b, C, 
MJ dh ip L Z Tal AY #8 OM ZU BE (Coupled Object 


Similarity, COS) XW 


AJA 


ERO AE w; 


cos (0,,0,) = yes oa 
J=1 


EA a Ax, y x, j) FED) d BE HT Fe 0; 1E Ji PE 4; 
» 5m 0, EJE A, ERST x, AA JS EH 


{UE (Coupled Attribute Value Similarity, CAVS) . Win 


i, i, AVDA Be AON t E A E EE BH A 


FEZ AI. 


Attribute Value Similarity, CAVS) $E XW: 

5! nr) = 8 (x y) x 86,9 
ix Hb o7 Jl ó AMARE AS Jš PEB $H 
ilarity, IaAVS) AUREA Ja EEL 
IeAVS 


Attribute Value Si 
WHE (Intertribute Attribute Va 

EUA Vk 4, BUH H z, 
IE CIaAVS) BJ, NARRET 4; PS TEIL Ey Z F] 
HERR, FEAR ED E T 8] Je P P EHU H 
WK. Rog 


ue Similarity, 


= jer ^ le) 
le; Co] + |e, + |e, 9] x |e, | 


8 (x) 


BPE A AACE x,y Z BJ AY RS JA PERTH LL BEC Coupled 


WE (Intracoupled 


TH 
Jo 


y Z JBE q 38 JS PEEL 


B 
HEN 


AF, ORTAMA Fer o H, JE 4, EET 


x GEN REG. 

MAB. 2,0 Alle, O) GH. 

BPE A, TREE, y ZE BRE IED) A A Je A E 
CIeAVS) JET JRTE 4, APUR x 1 y ZAR TIER RE GT 

BE. URERA ARUBA Sy WER, Ele EA 
(k = D BUB ATL. JOE MN 


9 (x, y) = 


j=l, k= j 


G Ó (x, y) 


XB o, RPE A RESM, 25 a, = Lla, € [01]. 


ERRATA 


Ó, (x, y) J BIET x 5s y ERE 4, (c = J) TREAS JS TE 


SEAE, KENN 
8,6.) = Y minty (hla) Pa (Hy) 
E 
Jb. O RHEA BUDA x ARIETE PE A KUTA 
55 Jk 4, BB Y tE F RUE A DEREZE. 


Puy (rx) UE A HUA x REF, TE 4, DUE 


Aw WARE, HENK 
e, 00 mnga) 
Pas (x) = E 


Pay yy) BIE. 
URIA, TAME O, ALO, HE AHA BE: 
COS (0, 0,) = 5 Gi. x, 0 + iG 


A 
2 \¥4,27 Lo + à; Qr, Lm 


-óa 


1 3 


H Adr. 3, Y O SD 9 r.o) le % 5) 
Ripa (as'a)-2&" (a sa) x 5" (ala) 


Sa E A e y 


MEL, LAR) REA: 


1x2 


a) = — —— = 0.4, 
14+42+1x2 


HF 0.0, AJA PEA ROBUR a a,” AAA JA E A 


p> TE > 
a) = eC a a )* eC a”, 


(a), IX HUS 


201806.00119v1 


chinaXiv 


# më d& db, Wl BEAU AENA 
VERE SUBA FR] ES ELO. 5; 


RUSE = |} DE au 


(u,i)eT 


s (aa = min {A (09120), Pa (0531 a) MAESE XUN 


MS fel IARC) ubi PS 
le Ca) le Ca) EH n E u A KERR, A, E ET 
= nin(L1]- 1; FAVE APTI. T ERARE PA. RMSERIMAE 
6, ( a.a) = BA =D); jl], MIERE. 
He 6” ("a,’,’4,’) = laa’) XT BUG RUSSES, BEAT SHES SCR A 
=ó, an a) + mA asta) Ab SEHE Ee. tr PH M) C KC AB RO T. 
=0.5x1+0.5x0=0.50 E E Is [ES 
fis Casa) (as a )x8(a','a') BURGE. ESSE AREA, SESE EEE 
= 0.4 x0.5 = 0.2 , NS E IS 
RAMAS (a a D00728, ATL 5.2 Scu ER 
(bb), 3 (esu). MMIEMZ MRE 0.0 RAI 521 BRERA S DA LA 
SOM BE COS (0,, 05) . Xen T AAA AP Ae Ss BUT HIE HB USC XE T E 


f: 
5 su 


a) MF. SERES fee RAMP” BKoren2&3g Ht, "tL DUDURI FI 
51 sia HH P S YEA IB EA TAE o 
AK SECUS H A Ue UE A SC pe EB J er Js ERR DU EE b) NMF, NMP *" RUSE TAERE fH, FHLee and Seungi A 


= 


Vea] ix JE PK 39 BA A 22 EE , EC rh BJ H fD EE OK FR XJ 2 H ID) EE BREE] nde. FAFA. BASRA Ao ae AY ESAE 
(coupled Object similarity) Kit $1 (EERE TCR AE, "CARI IZ DLA aye 
5.1.1 BARRERA c) PMF. SalakhutdinovMnihiÉHiWPMF, EEE EE 4)- 


HABES MovieLens-IM DL hetrec2011 HVE ME, AE FA THR en rk ps BRI ERE OR es H PURVET s BJ B 
4h He HN LE. X HE GE HH GroupLens research FEE, A if) SH HESS 8 EF J EBE A) HER o 


(http://www.grouplens.org) 4, HJ 2 HIT VEHI IEEE $E d) BPMF. BPMF tH Æ HHSalakhutdinov#llMnih¢e [39] 4% 
ik. STEER Y ERES XU B NUR SF u 2 o di. WH UL TS EL 3 SBME BL, IPE 
BOER EAE Be n 2 Bron. YAR AY RE BEE BYE TIE HEAT 2k. 
22 Sib Saki e) SVD++,  SVDe-fESVDAERI E, Zee OA, 
BORG MovieLens-1M Hetrec2011 FIX T BASU o 
Pu 6040 2113 HAMARE, A K = 10, K = 40 BEATS. WN 
si 3900 10197 SIU AFIS RRR, ARG IRS SEAM CR I ES 
VPS} SCH 1000209 855598 Bl, VE BK MOY EERE, MT ACAI, (IH 
PP APC / LY 256 85 On ABSA: ]-0.01, A-4-474,-0.1, Xi TMovieLens- 
WAEA 165 405 IMAllHetRec201 GES, 2 4) 34Ur730. 2810. 3. EE ABE 
nui UR Ot i Pt 18 20 MY, ABRA LATER, HOP ISHIRMSERI 
ASKS, RAEE UA A. HPE- REESE MARSE Ai PRISER, HERAS AMA A e 
EA WU, ERU DUI ON AJA MESSI. 80 E EIAS 33 ti HERE EE(MovieLens-1M) 
E, tH ARPES Gs 2s £2, EE DRAE, th, K Metric MF NMF PMF BPMF SVD++ Our Model 
BEAR ERE. dtu AA E xus npn ms rH RMSE 0.8776 0.9153 08831 0.8970 0.8553 0.8482 
HMA gs, =1d<sism, Bulle, 0, EPEAREN EZ MAE 070905 0.7413 0.7143 0.7220 0.7033 0.6918 
Ha WE ERI/G-D. RMSE 0.8895 0.9272 0.8905 0.9042 0.8642 0.8578 
5.1.2 TE ff 46 +F 2 MAE 0.7248 0.7585 0.7290 | 0.7391 0.7198 0.7065 
SEHE E 888935 HIRIRA (root mean squared error, dA HRA PEABO EG(HetRec2011) 


RMSE) FIJAR (mean absolute error, MAE) EJF 


AAA E ee HEE MEE. EEE RMSEZE MW 10 RMSE 0.7915 0.8323 0.8004 0.8041 ^ 0.7898 0.7672 


^ 


Metric MF NMF PMF  BPMF SVD++ Our Model 


201806.00119v1 


chinaXiv 


RIMAS 
MAE 0.6151 0.6295 0.6162 0.6193 0.6083 0.5753 
RMSE 0.8241 0.8593 0.8323 0.8357 0.8035 0.7871 
40 
MAE 0.6323 0.6461 0.6354 0.6383 0.6256 0.5956 


A Sus uj VUES. ER DEI EUM Ph, SVD++ HE 
FERRAN PP BJ ya. cji 
VEU TERTIA. itii m i 
EJ e ROSSI AMETE. IHH, 4K = 10 f, SEH BEA 
JH EG MF Bj RMSE 3É fr. TE MovieLens-1M fll HetRec2011 2% 
E EIAI REFE 3.468 3.1% BE ES SEIS BHR A EL HH 
ASIA HE, A Be E: 


ESA 


XH 


Fr PY 1 WE BY PT AR 


FY 


K = 409 RMSE FU MAE (41 7557 
HE REE) AE ASC M i BE b RC ER ESTE ZA) |} 


H Kea s o es THEFT 


HE 


ERE Bea T RU BUG 38 r 


ze, 


JH) cos HERB Sc Be S TE f he WJ nn BJ H 
AUTE y BLAME HI ç 
, YE MovieLens-1M FI HetRec2011 PY AHF 
FK = 10 NAA. 1 

1F RID in ERE 


vint 


aL» 


4E. WH 


IR ESAE RET] Ee FI 20 


ERA, TK E RE ERA, Bep 


GEM EES o 
E bExR3kü$rp, HetRec2011 MUELA 5:34 ETE BO EE 


f& MovieLens-1M 
f^ FB] 
ay EON Pi iit AM o 


EI SIE RU PE RÉ o 


5.22 RAEE K WR 


PERE, EWM RMSE IRE: MAE HRW, SEE T s 
ix X Ee DAZ B a PY 
PA PEE BB xe 2.4 f, 


ta ea BR YE 


73 T O PERTE PE OCT PE BE RO 5 UIS] 


34 4Btpx. AENA, 


Tid, KERIO 
HI HetRec2011 XE% 2 439) WERE 0.2 Fil 
JK, 295-50, BERRIES. 

ARMAR PLA th, 242838 K 


+ MovieLens-1M 
0.3. K/H 


ELSE AS Tae 28 


FRI ii BE Bet SF GA 


EF. FRE: ARKH 


is 
FH 


Ah] BJ ERE x XE 
BUM B, XJ 


4 ik}, RMSE fll MAE BJ 


ij 3 4 SERE SE— E BEI, RMSE AI MAE fff 


> 


hh E B 


E. MATRA SE ea BJ RC EE D PE; 


ECT DA SEE GHI JHI 


(13480 


BE Za Cun. Æ MovieLens-1 


M "mx Jg 15, 


HetRec2011 rH £ X 10), EF FI] eA EB e MAME, 


As (SEE BE PRU 


EB E PAIX. 


MAE 


--e-- MovieLens- 1M 


0.71 


0.7 


0.69 


0.68 


o^ 


K3 X K HER (MovieLens-1M) 


MAE 
0.62 


--e-- HetRec2011 


0.61 

0.6 
0.59 
0.58 
0.57 


0.56 


0 10 40 


20. 90 


50 


5.2.3 430% e t dE TE EAE 
JE TE ASEAN EY 
AP, AA POSHA JS SI BJ EA HE E P 


Pel4 9X K Hus (HetRec2011) 


HL FEAR EE A VJ A e HE 826 


o TRUENO 


Vete VIRA RD ERE AHE, X 
rA CR 


jus FRAGA di 
EY ih rak 8 2H, AJ (E MF, 


NMF, PMF, UJ 


BAS SC RAY LATA AR. KERSA EN 10; X 
MovieLens-1M fll HetRec2011 Zt 4& 2 4) FEW 0.2 Al 0.3; 


WAMHERORIHI MAE, 
Sic f HI TIVES £s Ande 5 RI 6 HF 


Ro AKM ul 


UEH, Hmm nS EU HT] 6h 2) 25 
rp CUIU ER pE CT A S BER ROSE T VEA BER BRI , 


AS SCAR RASS H. AU, AN Aa d 
MovieLens-1M il HetRec2011 4 E n4 


HEE MF TES, dE 


Eé TEREAT ANTE 2.5% 


I 4.395. IX U BJ K SC ERI BE E 
Ji DS E ERR EE EF, I COS K 


3 REI hm AD. HE 
B: ra ZT ATAR 


PE, J AE AU PERRE TE 2 n P] Be MIE JE 


E 
FH o 


K5 ATA MAE EA LL (MovieLens-1M) 


Fes VI MF NMF PMF Our Model 
1 0 0.8567 0.8870 0.8673 0.7892 
2 1-10 0.7914 0.8474 0.8264 0.7717 
3 11-20 0.7698 0.8102 0.7705 0.7347 
4 21-40 0.7332 0.7821 0.7518 0.7134 
5 41-80 0.7138 0.7425 0.7227 0.6936 
6 81-160 0.6983 0.72153 0.7029 0.6889 
7 161-320 0.6946 0.7040 0.6983 0.6795 
8 321-640 0.6842 0.6940 0.6866 0.6761 

3&6 PENPO CER ZEMAF (EX EG (HetRec2011) 


FE YEAH MF NMF PMF Our Model 
1 0 0. 7190 0. 7295 0. 7112 0. 6809 
2 1-10 0. 6905 0. 7125 0. 6812 0. 6607 
3 11-20 0. 6615 0. 6819 0. 6507 0. 6418 
4 21-40 0. 6426 0. 6515 0. 6305 0. 6201 
5 41-80 0. 6305 0. 6410 0. 6155 0. 6005 
6 81-160 0. 6134 0.6175 0. 6110 0. 5795 
7 161-320 0. 6005 0. 6050 0. 5901 0. 5754 
8 321-640 0. 5921 0. 5945 0. 5855 0. 5705 


RA 


pE 


EAAS BE;D)COS H 
ERA sc) AS OC HE H A 


Td VA ERAD, AAA 
ARE) RESET AS rH RJ 
DPE Re 8⁄1 


HFI: aE RHA 
Mf n] EUG AEREA 
FE ffs m 8 EZ [8] FI FEL 
A PP TE V Fed E 


THI 


IT 


F 
<= 
IS 
u 
= 
"uni 

H 


GT 


UU ge 53 AIO TE pa TEES IF AY ime JI. EANA 
TEX SER S Jn HDE RAE TE T ARE E ADA 
Io YEA) LES na FS A TE 5 IJ FE DURS PE B] nn BJ BEURE Ed 
HUB. 
6 HRE 

HPA ES f EI DUS FH P Jun BJ RARA H 
PEA i FEL TH OS AB BD dë AR Je UAI J "REM IS UE IS 
HEE H T ARA E AU Jun 0 BJ es ELB E B: DP 


Fy DTD EER SEA, 
[E A APE SE p DE OS BE iE IH KSC. TE SCRE a 
DAHER Jy dni, 
EIRA; 


ae 


We RAY E een 


WIER H 


P RH m EU s I TERR 
HEAT. 
je ti T 3856 E BJ FE BE OD RE é Hh Fe] 
FERRAL RAR COS HAERE i Z lB] BE FR OA 
; Ji YE MovieLens-1M fil hetrec2011 2/4 EB Scu up, 
TEVE TATE K RRES ACABA. 
(BÆ, ARE AAA AR AREA RAEE 
ERRERIK. AHORA LAR SOR Cl A AD 
) ER A E ee la EERE, AE 


J 
HEAR Le} 


Her +h: 


dà t BIE VEA) RRP o 
SB Ek: 


[1] 


[2] 


[3] 


[6] 


[7] 


Balabanovi ^ c M, Shoham, Y. Fab: content-based, collaborative 
recommendation [J]. Communications of the ACM, 1997, 40 (3): 66 - 72. 
Deldjoo Y, Elahi M, Cremonesi P, et al. Content-based video 
recommendation system based on stylistic visual features [J]. Journal on 
Data Semantics, 2016, 5 (2): 99-113. 

Shardanand U, Maes P. Social information filtering: algorithms for 
automating“word of mouth” [C]// Proc of Conference on Human Factors in 
Computing Systems. New York: ACM Press, 1995: 210-217. 

Bell R M, Koren Y. Lessons from the netflix prize challenge [J]. ACM 
SIGKDD Explorations Newsletter, 2007, 9 (2): 75-79. 

Koren Y. Factor in the neighbors: Scalable and accurate collaborative 
filtering [J]. ACM Trans on Knowledge Discovery from Data, 2010, 4 (1): 
1-24. 

Jian Wei, He Jianhua, Chen Kai, et al. Collaborative filtering and deep 
learning based recommendation system for cold start items [J]. Expert 
Systems with Applications, 2016, 69: 29-39. 

Koren Y, Bell R. Advances in collaborative filtering. in: recommender 
systems handbook [M]. 2nd ed. [S. I. ] : Springer, 2015: 145-186. 
Agichtein E, Brill E, Dumais S. Improving web search ranking by 


incorporating user behavior information [C]// Proc of International ACM 


SIGIR Conference on Research and Development in Information Retrieval. 


New York: ACM Press, 2006: 19-26. 

[9] Joachims T, Granka L, Pan B, et al. Accurately interpreting clickthrough 
data as implicit feedback [C]// Proc of International ACM SIGIR Conference 
on Research and Development in Information Retrieval. New York: ACM 
Press, 2005: 154-161. 

[10] Hu Yifan, Koren Y, Volinsky C, et al. Collaborative filtering for implicit 
feedback datasets [C]// Proc of International Conference on Data Mining. 
Washington: IEEE Press, 2008: 263-272. 

[11] Adomavicius G, Tuzhilin A. Toward the next generation of recommender 
systems: a survey of the state-of-the-art and possible extensions [J]. IEEE 
Trans on Knowledge & Data Engineering, 2005, 17 (6): 734-749. 

[12] Manzato M G. Discovering latent factors from movies genres for enhanced 
recommendation [C]// Proc of the 6th ACM Conferece on Recommender 
Systems. New York: ACM Press, 2012: 249-252. 

[13] Manzato M G. gSVD+: supporting implicit feedback on recommender 
systems with metadata awareness [C]// Proc of ACM Symposium on 
Applied Computing. Coimbra: Association for Computing Machinery. New 
York: ACM Press, 2013: 908-913. 

[14] Gantner Z, Drumond L, Freudenthaler C, et al. Learning attribute-to-feature 
mappings for cold-start recommendations [C]// Proc of IEEE International 
Conference on Data Mining. [S. I. ] : IEEE Press, 2010: 176-185. 

[15] Enrich M, Braunhofer M, Ricci F. Cold-start management with cross- 
domain collaborative filtering and tags [C]// Proc of International 
Conference on Electronic Commerce and Web Technologies. [S. 1. ] : 
Springer Press, 2013: 101-112. 

[16] Fernández-Tobías I, Cantador I. Exploiting social tags in matrix 
factorization models for cross-domain collaborative filtering [C]// Proc of 
the Ist Workshop on New Trends in Content-based Recommender Systems. 
New York: ACM Press, 2014: 34-41. 

[17] Ge Mouzhi, Elahi M, Ricci F, et al. Using tags and latent factors in a food 
recommender system [C]// Proc of International Conference on Digital 
Health. New York: ACM Press, 2015: 105-112. 

[18] Ma Hao, Yang Haixuan, Lyu M R, et al. SoRec: social recommendation 
using probabilistic matrix factorization [C]// Proc of Conference on 
Information and Knowledge Management. New York: ACM Press, 2008: 
931-940. 

[19] Ma Hao, King I, Lyu M R. Learning to recommend with social trust 
ensemble [C]// Proc of International ACM SIGIR Conference on Research 
and Development in Information Retrieval. New York: ACM Press, 2009: 
203-210. 

[20] Jamali M, Ester M. A matrix factorization technique with trust propagation 
for recommendation in social networks [C]// Proc of ACM Conference on 
Recommender Systems. New York: ACM Press, 2010: 135-142. 

[21] Ma Hao, Zhou Dengyong, Liu Chao, et al. Recommender systems with 
social regularization [C]// Proc of ACM International Conference on Web 


Search and Data Mining. New York: ACM Press 2011: 287-296. 


RIMAS 


[22] Wang Hao, Wang Naiyan, and Yeung D Y. Collaborative deep learning for 
recommender systems [C]// Proc of the 21th ACM SIGKDD International 
Conference on Knowledge Discovery and Data Mining. New York: ACM 
Press, 2015: 1235-1244. 

[23] Zhang Shuai, Yao Lina, Xu Xiwei. 2017. AutoSVD+: an efficient hybrid 
collaborative filtering model via contractive autoencoders [C]// Proc of the 
40th International ACM SIGIR Conference on Research and Development 
in Information Retrieval. New York: ACM Press, 2017: 957-960. 

[24] Kannan R, Ishteva M, Drake B, et al. Bounded matrix low rank 
approximation [C]// Proc ofthe 12th IEEE International Conference on Data 
Mining, 2016: 319-328. 

[25] Deerwester S, Dumais S T, Furnas G W, et al. Indexing by latent semantic 
analysis [J]. Journal of the American Society for Information Science, 2010, 
41 (6): 391-407. 

[26] Tikk D. Matrix factorization and neighbor based algorithms for the netflix 
prize problem [C]// Proc of ACM Conference on Recommender Systems. 
New York: ACM Press, 2008: 267-274. 

[27] Gan Guojun, Ma Chaoqun, Wu Jianhong. Data clustering: theory, algorithms 
and applications [M]. [S. L ] : Society for Industrial and Applied 
Mathematics, 2007: 44-51. 

[28] Wilson D R, Martinez T R. Improved heterogeneous distance functions [J]. 
Journal of Artificial Intelligence Research, 1997, 11 (1): 1-34. 

[29] Cost S, Salzberg S. A weighted nearest neighbor algorithm for learning with 
symbolic features [J]. Machine Learning, 1993, 10 (1): 57-78. 

[30] Boriah S, Chandola V, Kumar V, et al. Similarity measures for categorical 
data: a comparative evaluation [C]// Proc of SIAM International Conference 


on Data Mining. [S. I. ] : SIAM, 2008: 243-254. 


A { 
mn | 
&. 83 4E 19 


dod, 4: Sul 


[31] Cao Longbing, Ou Yuming, Yu P S. Coupled behavior analysis with 
applications [J]. IEEE Trans on Knowledge & Data Engineering, 2011, 24 
(8): 1378-1392. 

[32] Wang Can, Cao Longbing, Wang Mingchun, et al. Coupled nominal 
similarity in unsupervised learning [C]// Proc ofthe 20th ACM International 
Conference on Information and Knowledge Management. New York: ACM 
Press, 2011: 973-978. 

[33] Wang Can, Dong Xiangjun, Zhou Fei, et al. Coupled attribute similarity 
learning on categorical data [J]. IEEE Trans on Neural Networks & Learning 
Systems, 2015, 26 (4): 781-797. 

[34] Freyne J, Berkovsky S. Evaluating recommender systems for supportive 
technologies. [M]// User Modeling And Adaptation For Daily Routines. 
London: Springer, 2013: 195-217. 

[35] Koren, Y, Bell, R, Volinsky, C. Matrix factorization techniques for 
recommender systems [J]. Computer, 2009, 42 (8): 30-37 

[36] Lee D D, Seung H S. Learning the parts of objects by non-negative matrix 
factorization [J]. Nature, 1999, 401 (6755): 788—791. 

[37] Lee D D, Seung H S. Algorithms for non-negative matrix factorization [C]// 
Proc of International Conference on Neural Information Processing Systems. 
Cambridge: MIT Press, 2000: 535-541. 

[38] Salakhutdinov R, Mnih A. Probabilistic matrix factorization [C]// Proc of 
International Conference on Neural Information Processing Systems. [S. I. ] : 
Curran Associates Inc. , 2007: 1257-1264. 

[39] Salakhutdinov R, Mnih A. Bayesian probabilistic matrix factorization using 
Markov chain Monte Carlo [C]// Proc of International Conference on 


Machine Learning. New York: ACM Press, 2008: 880-887. 


